County-level economic statistics estimation using remotely sensed data, such as nighttime light data, has various advantages over traditional methods. However, uncertainties in remotely sensed data, such as the saturation problem of the Defense Meteorological Satellite Program/Operational Linescan System (DMSP/OLS) NSL (nighttime stable lights) data, may influence the accuracy of this remote sensing-based method, and thus hinder its use. This study proposes a simple method to address the saturation phenomenon of nighttime light data using the GDP growth rate. Compared with other methods, the NSL data statistics obtained using the new method reflect the development of economics more accurately. We use this method to calibrate the DMSP-OLS NSL data from 1992 to 2013 to obtain the NSL density data for each county and linearly regress them with economic statistics from 2004 to 2013. Regression results show that lighting data is highly correlated with economic data. We then use the light data to further estimate the county-level GDP, and find that the estimated GDP is consistent with the authoritative GDP statistics. Our approach provides a reliable way to capture county-level economic development in different regions.
Introduction
China's economic growth has drawn much attention over recent decades [1, 2] . There are a number of studies focusing on China's economic development. Economic statistics, especially long-term time series data, are the basis for various economic studies [3] [4] [5] . However, incompleteness regarding GDP statistics in both spatial and temporal domains still exists [6] , especially on smaller scales (e.g., at the county level, including county cities and districts), and in the years before 2000. Economic statistics are not complete in both underdeveloped and developed provinces in China. Therefore, obtaining a spatially complete and temporally continuous indicator is crucial for analyzing Chinese economic phenomena.
Remotely sensed data provide a promising option to address the aforementioned shortcomings. With the development of technology, remotely sensed data has gradually become one of the most reliable data sources in the field of economics. The nighttime light data acquired from the Operational Linescan System (OLS) sensor of the Defense Meteorological Satellite Program (DMSP) is one of the most important representatives and has been widely used in socioeconomic studies [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] . Because of the unique optical amplification capability, these data can detect weak visible and near-infrared radiation at night, eliminate cloud reflection of the moonlight, and enhance the light generated by human activities, such as those involved in urban and industrial enterprises [9] . In particular, the DMSP/OLS data have been accumulating since 1992, and so represent a solution to the lack of economic data in China over that time period.
Extracting statistical metrics from nighttime light data is widely used to assess economic development on local, regional, and global scales [7] [8] [9] [10] . These statistical metrics, such as the sum or mean values of lighting data extracted by administrative divisions, are used to establish a regression relationship with economic data, such as GDP [11] . Previous studies have attempted to quantify the correlation between nighttime light and China's economic statistical data [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] . However, there are still several limitations. First and foremost, previous studies have not paid enough attention to the saturation problem of OLS lighting data in China. The saturation problem is that the DMSP/OLS stable light data range from 0 to 63, consequently, any areas with a brightness greater than 63 are only expressed as 63. Part of the reason for this is that the impact of saturation on provincial and higher-level data, which is the most commonly used by most researchers, is small [4, 16, 23] . However, the saturation issue cannot be overlooked when applied on a smaller scale, such as at the county-level [15] . With China's economic development, the prosperity of certain cities is close to that of developed countries-these include Beijing, Shanghai, Guangzhou, and Shenzhen (Appendix Figure A1 ). Saturation of nighttime light data can bias the results when assessing regional economic development, especially in small units, leading to unreliable economical conclusions for policy makers. Secondly, most previous studies focus on the provincial and prefectural levels [12] [13] [14] [16] [17] [18] [19] [20] , with only a few studies directed at finer spatial level data in China [15] . Finally, most studies only use nighttime light data from a certain year to compare with GDP [13] [14] [15] and pay little attention to long-term sequence data, which is crucial for studying China's long-term sustained economic growth. Several studies have pointed out that the data from the Visible Infrared Imaging Radiometer Suite (VIIRS), carried by the Suomi National Polar-Orbiting Partnership (NPP) satellite, are more accurate than DMSP/OLS data in terms of modeling economic indicators [13] [14] [15] . However, NPP-VIIRS began collecting data in early 2013, thus limiting the time span that can be studied, which is an important consideration in economic studies.
There are many existing methods to correct the NSL (nighttime stable lights) saturation problem, which generally fall into three categories. The first method involves utilizing other satellite data. For example, Zhang et al. [24] proposed to use the Normalized Vegetation Index (NDVI) as an auxiliary dataset to remove the saturation phenomenon. Zhuo et al. [25] suggested removing saturation using Enhanced Vegetation Index (EVI) data. Jing et al. [26] used 1 km 2 GDP grid data to calibrate DMSP/OLS NSL data. The second method uses nighttime light calibration data. Letu et al. [27] used 1996-1997 DMSP/OLS radiation calibration data to eliminate the saturation of NSL in 1999. Wu et al. [28] used 2006 radiation calibration data and a power function regression method to perform saturation correction on global multi-period NSL data. Using the same calibration data and regression model, Cao et al. [17] corrected 33 years of NSL data in China using Hegang in Heilongjiang Province as the calibration area. The final method uses statistical censoring approaches. Bluhm and Krause [29] used a Pareto Distribution to address the saturation problem at city level. While these methods corrected the NSL data successfully for certain applications, there are some shortcomings. The use of other satellite data for saturation correction requires other remotely sensed data. In addition, long-term time series of image calibration need to match the reference data each year. The availability of reference data has become an important factor affecting the accuracy of saturation correction [24] . In contrast, the method of saturation correction using DMSP/OLS radiation calibration data can remove the saturation and does not depend on other auxiliary data. However, these methods, which use only one year of non-saturated nighttime light data, assume that the intensity in saturated areas did not change over a long period of time, which is not realistic in developing countries, such as India and China [24] .
Statistical censoring approaches normally require several assumptions to be made with regards to cities and populations.
To address these limitations, we used GDP growth rate to correct the saturated pixels and so to solve the saturation problem of the nighttime light data. To verify the reliability of the new method, we compared statistics of corrected NSL data generated by our method with two other widely used methods (i.e., the second-order function [30, 31] and power function [17, 28] ). We then further modeled the relationship between economic statistics and the calibrated nighttime light statistics at the county level over the whole of China, and estimated national county-level GDP using corrected NSL data from 1992 to 2013 and compared this with authoritative GDP statistics. In doing so, we attempted to provide a robust method to address the saturation problem in DMSP/OLS data, and subsequently improve the GDP estimation at county level, thus enhancing understanding in this field of study.
Data

DMSP/OLS Nighttime Light Data
The DMSP/OLS is basically designed for global observation of cloud cover and can detect city lights, gas flare, and fires at night using a low light detecting capability. DMSP operates satellites in sun-synchronous orbits with a swath width of 3000 km and 14 orbits per day. Each OLS instrument can generate complete coverage of nighttime light data in a 24-hour period. The OLS is an oscillating scan radiometer with two spectral bands: the visible-near-infrared (VNIR; ranging from 0.5 to 0.9 µm, 6 bit) and thermal infrared (TIR; ranging from 10.5 to 12.5 µm, 8 bit) [30] . The light intensification enables observation of faint sources of visible-near-infrared emissions present at night on the Earth's surface. The low light sensing capabilities of the OLS at night permit the measurement of radiances down to 10 −9 W/cm 2 /sr [30] . 116 down to 10 -9 W/cm 2 /sr [30] . Table A1 ).
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This dataset includes three types of data: cloud-free coverage, nighttime light data with no further Figure 1 ). There are 34 files in this dataset, acquired by six DMSP satellites: F10, F12, F14, F15, F16, and F18 (Appendix Table A1 ). This dataset includes three types of data: cloud-free coverage, nighttime light data with no further filtering, and nighttime stable light (NSL) data. The NSL data, covering cities, townships, and other lasting light emissions, are widely used in urban and economic research. In addition, the background noise in the NSL data, such as fires, has been removed [30] . The range of NSL values for pixels with light is 0-63. Furthermore, NGDC has produced eight files of global nighttime light product with no sensor saturation, which can be used as the ideal reference imageries (https://ngdc.noaa.gov/eog/dmsp/download_radcal.html).
Economic Statistics Dataset of China
GDP Growth Rate
In this study, we used China's provincial average GDP growth rate published by the National Bureau of Statistics from 1992 to 2013 to correct the light saturation problem. GDP growth rate refers to the relative number that reflects the trend and the extent of GDP growth over a certain period of time. Governmental statistical departments across the world regularly publish GDP growth rates, making them easy to acquire. In addition, the World Bank and international financial investment institutions also regularly publish predicted GDP indices for various countries. The GDP growth rate has diverse temporal resolutions, including monthly, quarterly, semi-annually, and annually.
Both GDP growth rate and night-light data can reflect the relative value of economic development. Many researchers have found a strong relationship between the nighttime light data and real GDP growth rate at a macro scale [10, 16] , such as at national and provincial scales. The GDP growth rate for one year can be considered as an increase in the average economic development of the region compared to the previous year. Therefore, for the saturated region of nighttime light data, its brightness can be considered to increase at the GDP growth rate. Because the growth in human activity in the region where the light brightness is not saturated are still recorded by NSL data, the GDP growth rate can be used to correct the saturation of the NSL data. Thus, we assumed that growth of GDP can reflect growth of brightness, as the Chinese economy achieved wide-ranging growth during this period, and the growth of human activity in the region where light brightness is saturated is still recorded by GDP growth rate. We used China's provincial average GDP growth rate data from 1992 to 2013 to deal with the light saturation problem. Then, we used county-level economic statistics and processed lighting data for the regression analysis to verify the accuracy of this lighting data choice.
Other Economic Statistical Data
We used the county-level statistics dataset including GDP, population, investment, and resident deposits and loans from 2004 to 2013 to model the relationship with the corrected nighttime light data. We chose these four indices, with GDP being the most important economic indicator, having been used in many economic studies. Population, investment, and resident deposits and loans also have an important impact on economic development. In the regression analysis for lighting data and GDP, adding these three additional parameters as control variables can give better insights into the correlation between GDP and lighting data. Moreover, there are fewer missing data in these three parameters compared to other economic indices. The county-level dataset is from "the China Statistical Yearbook (County level)", "the China Statistical Yearbook for Regional Economy", and "the CEIC China Premium Database" (https://www.ceicdata.com/en).
Methods
As a result of the limited radiometric range in NSL data, the pixels that should have higher values become truncated [24] (i.e., any areas with a brightness greater than 63 are only expressed as 63). The majority of these occur in core urban areas. The brightness of lights in urban centers is much brighter than moonlight. For this reason, DMSP/OLS NSL data cannot reflect the differences in the economic development of such areas. Thus, the saturation of DMSP/OLS NSL data is an important limitation for its applications, especially at the prefectural or county-level.
In this study, we used China's GDP growth rate for saturation correction for pixels equal to 63. We used our method to inter-calibrate DMSP/OLS NSL data from 1992 to 2013 in China and compared them with those from two commonly used correction methods. The two methods are the second-order regression method with F16 2007 NSL as reference data [31] , and the power function regression method with F16 2006 radiation data as reference data [17] . All three methods use Hegang of Heilongjiang Province as the calibration area. We chose Hegang as calibration area because: (1) from 1992 to 2013, Hegang's economic development changed relatively little; and (2) the range of DN (digital number) values of the lighting data in these areas is wide, which helps to avoid correction bias due to large difference in the DN range between the calibration area and the whole area of China. The flowchart of our method is shown in Figure 2 . The coordinate system is the WGS-84-Albers. of Heilongjiang Province as the calibration area. We chose Hegang as calibration area because: (1) 180 from 1992 to 2013, Hegang's economic development changed relatively little; and (2) the range of DN 181 (digital number) values of the lighting data in these areas is wide, which helps to avoid correction 182 bias due to large difference in the DN range between the calibration area and the whole area of China.
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The flowchart of our method is shown in Error! Reference source not found.. 
Data Calibration
Inter-Calibration
As mentioned above, long-term variations of DMSP/OLS data are desirable for quantitatively estimating temporal variations of economic development. However, for long-term analyses, the DMSP/OLS data still has another problem: the OLS sensors have no onboard calibration [32] , and the different satellites have no strict inter-calibration [31] . Without onboard calibration and inter-calibration, these data cannot be directly compared and used to extract statistical metrics.
The second-order and power function methods use different inter-calibration methods. Our new method adopts the second-order method to calibrate the NSL data. The power function and second-order methods are as follows:
where DN n,re f 1 is the 2006 radiation DN value of the nth pixel used in the power function as reference data; DN n,re f 2 is the F16 NSL of 2007 used in the second-order function; DN n,i is the original DN value of the nth pixel of the ith image; α p,i and β p,i are power function coefficients; α b,i , β b,i , and γ b,i are second-order function coefficients. The coefficients for the 34 images are shown in Appendix Tables A2  and A3 , respectively. Then, we used these correction coefficients to inter-calibrate the NSL data for the whole of China for the 34 images; the models are shown in Equations (3) and (4):
where DN cal1 n,i and DN cal2 n,i represent the nth pixel of the ith calibrated NSL image of China using the power and second-order models, respectively.
Intra-Annual and Inter-Annual Correction
As shown in Appendix Table A1 , from 1992 to 2013, some years (e.g., 1994) have two NSL datasets derived from different sensors. To make full use of the information and to remove intra-annual unstable pixels, an intra-annual calibration is needed [31] . Furthermore, because of the rapid economic growth in China in recent years, the DN value of the previous year should be greater than that of the current year; an inter-annual series correction is also needed [31] . The intra-calibration and inter-annual corrections were used in all three methods and are shown in Equations (5) and (6): 
In Equation (5), DN a n,t and DN b n,t represent the DN values of the nth pixels from the two NSL datasets in the tth year, respectively, and DN n,t is the DN value of the nth pixel of the tth year after intra-annual correction. In Equation (6), DN n,t+1 , DN n,t , and DN n,t−1 represent the DN values of the nth pixel of the (t + 1)th year, the tth year, and the (t − 1)th year, respectively.
Saturation Correction with GDP Growth Rate
After the inter-calibration, intra-annual, and inter-annual series correction, our new method still needs saturated correction. After the second-order correction, the maximum DN value of pixels is 63. We used GDP growth rates of China from 1992 to 2013 as the correction parameter for the saturation of the NSL data. We assumed that both the GDP growth rate and the brightness of the light reflect the economic development. For regions with pixel values equal to 63, the economy is still evolving. Therefore, a pixel whose DN value equals to 63 is multiplied by the GDP growth rate of the current year if the DN value of this pixel in the previous year is less than 63. If the DN value in the previous year is 63, the current year GDP is corrected to the GDP in the previous year multiplied by the GDP growth rate of the current year. The saturation correction equation is as follows: 
where DN s n,t is the DN value of the nth pixel of the tth year after saturation correction, Index t represents China's GDP growth rate of the tth year.
After the saturation correction, we obtained three different NSL datasets derived from three different methods. On the basis of these three datasets, we further explored which dataset more accurately reflects the economic development from 1992 to 2013 in China using the county-level economic statistics.
Correlation between NSL and Economic Statistics
Previous studies used regional GDP and total brightness of lighting data to regress directly [15, 17] , which ignores the inconsistency between GDP and lighting data statistics. Since the 1990s, China's county-level administrative divisions have been continuously adjusted, and the area under their jurisdiction has been constantly changing; however, the lighting data is generally calculated using one year of vector data. Therefore, we used the statistics of annual GDP divided by annual area (i.e., GDP per unit area) to regress with the light density. To explore the relationship between NSL density data and county-level GDP per unit area (GDPpua), this study used a correlation regression method, considering time effects and regional effects. Following Henderson et al. [10] and Xu et al. [16] , this study assumes that:
where y i,t is the county authority GDPpua; y * i,t is the true real GDPpua; light i,t is the NSL density of a county, which is the sum of the county DN values divided by the area; ε i,t and γ i,t are variances; i represents county; t represents year; and α represents the coefficient between the real GDPpua and NSL density. Because measurement errors in GDP are not related in any consistent fashion to the error in observable light from outer space, we assumed that Cov(ε i,t , γ i,t ) = 0.
From Equations (8) and (9), the relationship between NSL density and authority GDPpua is given by:
where β is the coefficient between NSL density and authority GDPpua. In addition, the brightness of the nighttime light may also be affected by the regions' cultural industrial structures, government subsidies, as well as by other factors. In order to reduce these uncertainties, Equation (10) is further expressed as:
where T i,t are control variables; δ is the control variables' coefficients; η i is the unobservable county effect; κ t is the time effect; µ i,t is error. In this study, the control variables are: (1) the development of the secondary industry (GDPsrate) generated by the ratio of secondary industry to GDP; (2) per capita revenue (Reinrate) calculated by revenue divided by population; and (3) per capita loans (Loanrate) calculated by county financial institutions loan divided by population.
County-Level GDP Estimation
Using the statistical results of the corrected NSL data and the national GDP, we further estimated national county-level GDP from 1992 to 2013. Since the national GDP is accumulated by the county-level GDP, we were able to estimate county-level GDP according to the ratio of the total value of the lights in each county to the national total value multiplied by the national GDP, the equation is as follows:
where GDPest i,t is the estimated GDP of the county; NGDP t is the year of the national GDP; Slight i,t represents the county's total DN value of corrected NSL; i Slight i,t is the national total value of corrected NSL; while i and t represent county and year, respectively.
Results and Discussions
Saturation of DMSP/OLS NSL in China
We used the second-order regression model with Hegang in Heilongjiang Province as the calibration area and counted the number of counties with a maximum brightness of 63, which is shown in Figure 3 . The number of counties with saturation in China has been increasing constantly, from 418 in 1992 to nearly 800 in 2013. More importantly, the administrative districts with a maximum of 63 have quite different economic development levels. According to county statistics, the average brightness ranges from 0 to 63. The higher average brightness represents the more saturated brightness in the region. We then counted the counties with a mean of more than 30 in China, which increased from 166 in 1992 to 409 in 2013. Comparing county-level statistics, the number of counties with brightness values equal to 63 has gradually stabilized since 2005, while the number of counties with a mean brightness of more than 30 has been steadily increasing. Figure 4 shows the counties with a mean DN of more than 15 from 1992, 1995, 2005, and 2013. These counties have been continually growing over time and are concentrated in Beijing-Tianjin-Hebei, the Yangtze River Delta, and the Pearl River Delta. These regions are the most developed areas in China, contributing most of the country's GDP. In summary, China has a severe light data saturation phenomenon. 
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We compared the NSL data of the three calibration methods with the nominal GDP from 1992, 333 which is shown in Figure 5 . By using the national county-level maps, we obtained the average 
Comparing Saturation Corrected NSL Data from Three Different Calibration Methods
We compared the NSL data of the three calibration methods with the nominal GDP from 1992, which is shown in Figure 5 . By using the national county-level maps, we obtained the average brightness of each county. As shown in Figure 5 , the average brightness obtained by the second-order method increases from less than 7 in 1992 to 12.5 in 2013. The result of power function correction is an overall increase, going up from 12 to 22 from 1992 to 2013. However, the average brightness growth obtained by these two methods is relatively flat compared to the nominal GDP. The average brightness generated by the new method is less than 7 in 1992, and gradually increased to more than 30 in 2013, which is very consistent with the increasing trend of GDP.
Subsequently, we averaged the county maximum and minimum brightness obtained by the three methods. As shown in Figure 6a , the maximum mean values for the new method and the second-order method are more than 30 in 1992, and the power function is more than 60. Over time, the power function and the second-order method slowly grow to over 100 and 40 in 2013, respectively. In contrast, the maximum mean value of the new method rapidly increases to over 140 in 2013. In Figure 6b , the minimum mean values of the three methods also show a similar trend. brightness generated by the new method is less than 7 in 1992, and gradually increased to more than 317 30 in 2013, which is very consistent with the increasing trend of GDP. 
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Subsequently, we averaged the county maximum and minimum brightness obtained by the 323 three methods. As shown in Figure 6a , the maximum mean values for the new method and the 324 second-order method are more than 30 in 1992, and the power function is more than 60. Over time,
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the power function and the second-order method slowly grow to over 100 and 40 in 2013, respectively.
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In contrast, the maximum mean value of the new method rapidly increases to over 140 in 2013. In 327 Figure 6b , the minimum mean values of the three methods also show a similar trend. 
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From the above analysis, we conclude that the new method can amend the saturation of the 335 DMSP/OLS NSL data, and the resulting county-level NSL statistics have a good consistency with the 336 GDPpua of China. In order to further verify the correlation between county-level NSL data and GDP,
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we explored the relationship between the lighting statistics and county-level economic statistics. From the above analysis, we conclude that the new method can amend the saturation of the DMSP/OLS NSL data, and the resulting county-level NSL statistics have a good consistency with the GDPpua of China. In order to further verify the correlation between county-level NSL data and GDP, we explored the relationship between the lighting statistics and county-level economic statistics.
Regression Analysis between Light Density and GDP Per Unit Area
Because before 2004 there were too many missing data in county-level economics, we used the county-level economic data and lighting data from 2004 to 2013 for the regression analysis. Table 1 shows the statistical information of GDP, light, and the aforementioned control variables. The variance inflation factor (VIF) was used to assess multicollinearity. The larger the VIF, the more severe the multicollinearity. Normally, the variables selection considers VIF <10 as the screening standard. All the variables' VIF values are less than 10, indicating that there is no obvious collinearity among the variables. We regressed the correlation between the light density data from the above three NSL calibration models and the county-level GDPpua year by year, and the result is shown in Table 2 . The R 2 value between the light statistics data generated by second-order regression and GDPpua ranges from 0.5666 to 0.7165. The mean of the R 2 value is 0.6639. The R 2 value for the power function ranges from 0.6038 to 0.7407, with a mean of 0.6934. The mean of the R 2 value from the new method is 0.7176, which is the highest of these three methods.
In summary, the county-level NSL data can be used as a proxy variable for the county-level economic GDP. Our new method has better performance considering both national long-term time sequence image calibration ( Figure 5 ) and the county-level GDP regression results ( Table 2 ). 
Regression Analysis between Light Density and Economic Statistics
We used several combinations of regression variables to conduct the model (Equation (11)) with the whole samples. The results are shown in Table 3 . For the uncontrolled regression, the light statistics derived from these three methods have a significantly positive correlation with GDPpua. The coefficients are 2.2670, 0.9493, and 1.9935, respectively. The R 2 values of the three methods are different, 0.5531, 0.6590, and 0.7109, respectively ( Table 3 ). The new method has the highest R 2 value.
In regional economic development, indicators such as the development of the manufacturing industry, investment, and government revenue are highly correlated with the GDP level. Therefore, we used the ratios of secondary industry to GDP, loan per capita, and per capita fiscal revenue as control variables, and regressed GDPpua with light density. The results are shown in columns 5-7 in Table 3 . The regression coefficients of GDPpua for the three methods are lower than the uncontrolled regression results, indicating that other economic variables also have an important impact on GDP. All of the three regression results remain at a high level of confidence. However, whether or not the control variable is added, the R 2 value obtained by the new method is the highest, which means that at the county-level, the statistical indicators obtained from the corrected DMSP/OLS NSL data by the new method are the most consistent with GDP. In summary, the NSL data corrected by the new method sufficiently represents economic development at the county level and can be used as a good proxy for the economic development in the absence of statistical data. Table 3 . The regression results of lighting density of the three methods and county-level GDPpua. 
Uncontrolled Regression Controlled Regression
Method
Second-Order Power-Function New Method Second-Order Power-Function New Method
Improving Estimate of True GDP Growth
China's national GDP is calculated separately from local GDP. In comparison, the national government's GDP statistics are generally more accurate than those of local governments, which may contain distorted data [16, 19] . On the basis of the statistical results of NSL and the national GDP, we estimated the national county-level GDP from 1992 to 2013. We used the estimated GDP once again to compare with existing county-level statistics. The results are shown in Table 4 . There is a significant positive correlation between statistical GDP and estimated GDP, and all the R 2 values are higher than 0.641, indicating the reliability of the estimated GDP. We display six maps as examples in Figure 7 (a unified legend system is used for these maps). These county-level GDP maps clearly show that China started to develop from 1992 to 1996 in three major economic areas: Beijing-Tianjin-Hebei, the Yangtze River Delta, and the Pearl River Delta; this being mainly attributable to a socialist 
Conclusions
Three main improvements were presented in this study. Firstly, we proposed a simple method which uses the GDP growth rate to correct the saturation problem in the NSL data. We found that China has experienced a relatively serious phenomenon of NSL saturation, which is more serious at smaller scales, such as at the county-level. The use of GDP growth rate as the correction parameter has the advantages of convenience of access, reliable quality, and reflection of annual changes. Compared to other methods, this new method has a better performance in matching economic development. Secondly, we compared and investigated a large area (the China mainland), a fine scale (county-level), and a long-term time series (from 1992 to 2013) of economic statistics using the DMSP/OLS NSL data. We used the lighting data statistics compared with official county-level GDP statistics and found a significantly positive relationship between them. Thirdly, the estimated GDP obtained from the NSL data maintains a high correlation with the existing county-level GDP statistics, indicating the reliability of the estimated GDP. The spatially complete long-term time series of county-level GDP from 1992 to 2013 derived from this study could be used in economic studies to explore China's development phenomena. Several avenues for future work seem promising. Firstly, the population data from the Chinese Statistical Yearbook used in this study is the Hukou registered population [33] . This is different to the resident population, who contribute to light. Calibrating the registered population to the resident population could improve the accuracy of light data correction. Secondly, the energy intensity of China's GDP is falling, and changes in the industrial structure may affect the stability of this method. The influence of changes in the second and third industry structure on the lighting data is worthy of further study. Thirdly, light data and GDP data may have spatial autocorrelation, which we did not consider in this study. Spatial statistical methods, which consider spatial autocorrelation and covariance, are needed to provide more robust results. 
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